The study compares the performance of alternative implementations of both time-series (Moskowitz et al., 2012) and cross-sectional (Jegadeesh & Titman, 1993 ) momentum strategies across 24 markets. We find that over our sample period both types of momentum strategies generate positive returns under the majority of implementations evaluated but that time-series momentum is clearly superior. An important difference between the two momentum strategies is that with time-series momentum, the number of stocks included in the winner and loser portfolios vary with the state of the market. As a consequence, crosssectional momentum digs deeper to select winning stocks when markets are weak and deeper to select losing stocks when markets are strong. As the information in the momentum signals is concentrated in the tails of the return distribution, it is not that surprising that momentum is best implemented using time-series momentum.
Introduction
Numerous studies have found that profits that can be realised from following a momentumbased strategy of buying recent outperforming stocks (winners) and selling recent underperforming stocks (losers) (Jegadeesh & Titman, 1993 . The fact that this momentum strategy has proved robust across time, countries and asset classes has led Fama (1998) to observe that momentum remains the "premier unexplained anomaly". 1 The majority of momentum studies have used cross-sectional momentum as the basis for security selection, choosing stocks on the basis of their relative performance over some prior period (Jegadeesh & Titman, 1993) . 2 In a recent study, Moskowitz et al. (2012) proposed time-series momentum as providing an alternative framework for security selection where securities are chosen on the basis of their absolute performance over some prior period. Moskowitz et al. (2012) found that time-series momentum performed well both in absolute terms and relative to cross-sectional momentum, across futures markets in equity indices, bonds, currencies and commodities. Baltas and Kosowski (2013) confirmed the strong performance of time-series momentum strategies and highlighted that they drove the performance of many hedge funds. In contrast, Menkhoff et al. (2012) when examining currency markets found that cross-sectional momentum outperformed time-series momentum.
Although previous studies have evaluated the momentum strategy in numerous markets settings, by far the bulk of these studies have concentrated on equity markets. Therefore it is somewhat surprising that we are yet to see a comprehensive study that compares cross-
1 The momentum strategy has been documented in US stock market (Jegadeesh & Titman, 1993) , European stock markets (Bird & Casavecchia, 2006; Rouwenhorst, 1998) , emerging stock markets (Hameed & Kusnadi, 2002) , international stock markets (Gupta et al., 2010) , industries (Moskowitz & Grinblatt, 1999) , currencies (Menkhoff et al., 2012) and futures markets (Asness et al., 2013) . 2 The cross-sectional stock selection criteria based on recent returns has been investigated broadly across international stock markets (Rouwenhorst, 1998) , industry markets (Moskowitz & Grinblatt, 1999) , currency and futures markets (Asness et al., 2013; Menkhoff et al., 2012) as well as the selection criteria on the basis of 52 week high stock prices (George & Hwang, 2004) .
sectional and time-series momentum in this arena. The main objective of this study is to redress this deficiency by undertaking a study that evaluates the absolute and relative performance of these two momentum strategies applying multiple implementations across 24 major equity markets 3 . By evaluating multiple implementations, we not only obtain valuable insights into the performance of the two momentum strategies but also how they might best be implemented. Further, we investigate several factors that may give rise to differences in the performance of the two strategies such as differences in the characteristics of the stock selected and the performance of the strategies under different markets conditions.
We find that time-series momentum generates profits for the majority of the implementations evaluated in all 24 markets and that that these profits are significant in the vast majority of instances. Cross-sectional momentum also proves to be a highly profitable strategy although a comparison of the performance of the two momentum strategies that time-series momentum is superior particularly under the better implementations. We confirm that both momentum strategies perform best in up markets and that the superiority of time-series momentum is largely due to its excellent performance in such markets. Indeed, we find that a most likely explanation for the better performance of time-series momentum is that it is a consequence of the approach to stock selection embedded in time-series momentum being more in tune with market conditions. Two of the more interesting markets evaluated in our study are Japan and the US. Although confirming that cross-sectional momentum is not a good investment strategy to pursue in Japan, we find that the same is not true for time-series momentum which would seem to offer profitable opportunities under the majority of implementations. Overall we find that neither form of momentum performs particularly well in the US market over our sample period. Digging deeper, we find that this is due to their performance in the US being much worse during the GFC than was the case for the other markets.
The remainder of the study is organised as follows. In Section 2, we compare the crosssectional and time-series momentum strategies. Section 3 and 4 discuss the data and the various implementations of the momentum trading strategies. In Section 5, we analyse the results of both momentum strategies while Section 6 provides us with the opportunity of to summarise our findings.
Cross-sectional versus time-series momentum
Cross sectional and time-series momentum both select stocks on the basis of their performance over some prior (formation) period. The only difference between the two approaches being that cross sectional momentum assigns stocks to the winner and loser portfolio on the basis of their relative performance while time-series momentum assigns stocks on the basis of their absolute performance. With cross-sectional momentum, all stocks are ranked on the basis of their performance over the formation period with the best performing stocks (e.g. top 20%) being assigned to the winner portfolio and the worst performing stocks (e.g. bottom 20%) being assigned to the loser portfolio. With time-series momentum, stocks that realised a return over the formation period above a certain level (e.g. +5%) are assigned to the winner portfolio and those that realise a return below a certain level (e.g. -3%) are assigned to the loser portfolio. In both cases, the profitability of the strategy is measured by the aggregate of the return from of a zero-investment strategy of taking a long position in the winner portfolio and a short position in the loser portfolio.
Given that both strategies identify winner and loser stocks based on their past performance, at any point in time they will hold many stocks in common. However more importantly, the different stock selection rules embedded in each of the momentum strategies will ensure that that there will be differences in their holdings. As we will demonstrate, time-series momentum will assign more stocks to the winner than to the loser portfolio when markets are strong, with the opposite being the case during periods when markets have been experiencing weak performance. In contrast, cross sectional momentum will always assign the same number of stocks to each portfolio irrespective of how the market is performing. Hence there is a timing element in the selection of stocks embedded in time-series momentum which does not exist in cross sectional momentum. An interesting question to ask is whether this key difference between the two strategies translates into any significant difference in performance (and why), especially in the light of the findings of Cooper et al. (2004) that show the performance of cross sectional analysis is conditioned by the performance of the market.
A major contribution of this paper is to provide evidence on the relative and absolute performance of cross sectional and time-series momentum across 24 developed markets utilising numerous implementations. In particular by comparing "like-for-like" across 768
implementations and 24 markets, we will provide the most comprehensive evidence to date as to which of cross sectional and time-series momentum realises the best investment outcomes in equity markets and insights into why the performance of the two strategies differ. In addition, we provide important insights into the absolute performance of each of the momentum strategies during a period when markets experienced both rapid growth and rapid decline and thus encompass conditions when momentum should both thrive and struggle.
Jegadeesch and Titman (1993) was the first academic paper to highlight the profitability of momentum as an investment strategy when they examined the performance of equally weighted portfolios of stocks chosen on the basis of their performance over several combinations of formation periods and held for several holding periods. They found evidence that the stocks with best past performance (top 10%) outperformed those stocks with the worst past performance (bottom 10%) although the extent of this outperformance was very much a function of how the strategy was implemented. They concluded that these anomalous findings could not be explained by risk factors and suggested the need for a more "sophisticated model of investor behaviour". Rouwenhorst (1998) conducted the first international study of momentum and found that it delivered outperformance in 11 out of 12
European markets. Rouwenhorst (1999) subsequently extended this study to 20 emerging markets with similar (albeit slightly weaker) findings. Jegadeesch and Titman (2001) reexamined the momentum strategy over a longer time period and found little evidence of any deterioration in its performance. They also noted at the time that the available evidenced supported the persistence of the performance of the over relatively long periods and across all of the developed markets, with the exception of Japan (Asness, 2011; Hanauer, 2014) . The more recent evidence is still strongly supportive of the continuation of the momentum anomaly although there is some suggestion that it might be waning in the US market (Hwang and Rubesam, 2013) . The Australian evidence is largely supportive of the momentum strategy performing well in this market with Gaunt and Gay (2003) , Haun and Pavlov (2003) ,
and Demir et al. (2006) all finding momentum profits ranging between 5%pa and 16%pa.
However, there is some counterevidence with both Durand et al. (2006) and Brailsford et al. (2012) failing to identify any significant momentum profits.
The pervasiveness of the empirical findings on momentum has stimulated numerous studies seeking an explanation for its apparent continued profitability. These studies can broadly be split into two camps. One group that proposes more traditional explanations aimed at establishing that the findings are due to methodological flaws in the research design (e.g.
failure to control for risk, transaction costs). A second group who argue that the momentum profits are attributable to irrational behaviour of investors that results in stocks prices both under-and over-reacting to information signals. As the focus of this paper is not on providing explanations for past findings, we will not go further with this debate other than to observe that the success of a momentum investment strategy is dependent on stocks trending for a sustained period in both directions.
Data
The sample covers the 24 major stock markets mentioned previously. The period covered extends from 1990 to 2012 and covers both bull and bear markets. The daily and monthly returns and the market value for all active and dead stocks were obtained from Thomson Reuters DataStream 4 . Following Ince and Porter (2006) , we apply several screening procedures to our sample stocks. For a stock to be included in our analysis in a particular month, it must have both return and market capitalization data available. In accordance with Chui et al., (2010) , monthly returns will be trimmed if the market capitalization of a stock is below the bottom fifth percentile of all stocks within a given country in any month.
Following McLean et al. (2009) , we winsorise daily and monthly returns within a given country at the top and bottom 1% to minimise the effects of outliers. The first two columns of Table 1 display the total number of stocks, and the average number of stocks per month, included for each of our 24 markets. The total number of stocks aggregated to 34,697 across 24 developed markets with the U.S. market having the largest number of stocks with 10,041 stocks and Ireland having the smallest number with 131 stocks.
We also report the average monthly returns of a portfolio consisting of all stocks available each month weighted using one of several weighting schemes: equal weights (EW), market value weights (MW) and four sets of returns for inverse volatility weights (IVOL) depending on the period over which volatility is measured. Finally, we report the average market value and book-to market ratio across all of the stocks in each of the 24 markets. These numbers will provide a useful reference when examining the characteristics of the winner and loser portfolios in each country.
Momentum Implementation Strategies
The success of the momentum strategies depends on stocks trending for sustained periods in both directions. This is best articulated in the momentum life cycle of Lee and Swaminathan (2000) which suggests that stock prices typically oscillate around their fair value. In such a world, the success of any momentum strategy will depend on it being based on implementation rules that are in harmony with the periodicity of the (mis)pricing cycles. As momentum trading signals are based on recent pricing movements, they will always be late in identifying winning and losing securities. However, the more successful momentum strategies will be those based on implementation rules that results in identifying winners (losers) early in their up-(down) cycle and reversing these positions in (close to) an optimum fashion.
There are very limited insights that we get from theory as to what implementation rules will produce the best outcomes, leaving it largely as an empirical question. In this paper we provide comprehensive evidence on the absolute and relative performance of time-series and cross-sectional momentum under (almost) all of the implementation rules that have been used in previous studies and in so doing show how sensitive this performance is to the implementations chosen and also provide insights into what might be the optimum implementations. The various implementation rules are discussed below in terms of the contribution that they make to the two components of the investment process: stock selection and portfolio construction.
Stock Selection
Stock selection involves identifying the stocks in which to take both long and short positions invest or short. For both momentum strategies, stock selection has the following components:
4.1.1. Specifying the prior period over which to measure stock returns (the formation period):
The importance of this decision is to set the formation period long enough to identify the establishment of true trends in markets but not too long so as to leave the identification of the trend until too late in the cycle. In this study we examine four formation periods (J) of three, six, nine and 12 months.
Specifying the cut-off rule that identifies stocks as being either winners or losers:
With cross-sectional momentum, this involves ranking stocks on the basis of their performance over the previous J months and then identifying as winners those stocks that rank in the top x% of the distribution, and as losers those stocks that rank in the bottom x%.
One value for x that we examined in this study was 50% which results in all stocks being designated as either winners or losers. The use of this cut-off would suggest that past performance provides a good signal of future performance across the whole range of performance outcomes. Dating back to the original study of Jegadeesh and Titman (1993) , the strength of the information signal has been shown to degrade as one proceeds down the rankings. In order to demonstrate this, we also examine the situation where we set the cut-off at 30% and 16%.
With time-series momentum, the cut-off for identifying winners and losers is an absolute number(s). Moskowitz et al. (2012) used a method where all stocks that realise a positive past return were identified as winners and those that realise a negative return were identified as losers. Another similar method that we use with time-series momentum is to set the cut-off as the market return over the formation period. Of course, each of these rules results in every stock in the investment universe being classified as either a winner or a loser. In order to match the situation where the cut-offs under cross-sectional momentum are set at 30% (16%),
we set symmetric upper and lower cut-offs for time-series momentum which result on average in 60% (32%) of the investment universe being classified as either a winner or a loser when measured across the whole sample period. 
Portfolio Construction
The portfolio construction decisions involve determining at the time of each rebalancing, the proportion of the portfolio (weights) that are allocated to the winning stocks and the losing stocks in their respective portfolios. There are three separate decisions that in combination determine these weights:
The holding period
This is a rule common to both momentum strategies that determines the period that a particular stock is held once it is included in either the winner or the loser portfolio. For example, if the holding period is six months, then a stock acquisition will be reversed six months after the stock has been acquired. As mentioned earlier, the implementation rules have to be in harmony with the periodicity of the oscillations of the typical stock. In other words, the aggregate of the formation and holding periods should approximate the period of the upward and downward cycles for the typical stock. In this study we examine holding periods (H) of three, six, nine and 12 months.
The period for portfolio rebalancing:
One portfolio rebalancing strategy that we examine is a buy and hold strategy where the portfolio is rebalanced at the end of each holding period (BHAR). For example, if the holding period is six months then the portfolio is rebalanced every six months with the portfolio acquired six months ago being sold and replaced by a new portfolio. The alternative we consider is that the portfolio is rebalanced every month irrespective of the holding period for the stocks (CAR). Again assume a holding period of six months which means that with monthly rebalancing, the portfolio holdings acquired six months will be replaced with new holdings which means that approximately one-sixth of the portfolio will be turned over each month. Jegadeesh and Titman (1993) considered these two strategies for rebalancing and found monthly rebalancing to be superior.
A further matter to take into account is the role that the bid-ask spread takes in explaining momentum. It is quite possible that stocks that have performed well (poorly) over some prior period are near the top (bottom) of the bid-ask spread. This being the case, particularly shortterm future performance may be eroded by pricing moving back towards the midpoint of the bid-ask spread. This raises the possibility that better performance might be realised by delaying trading for a short time after a stock has been identified as a winner or a loser. In this study we also look at buy-and-hold strategies and monthly rebalancing where trading is delayed by one month. This means that in total we consider four rebalancing strategies: (0) and CAR (1).
The determination of the weights assigned to stocks:
Once it is determined what assets to include in a portfolio, it is then necessary to allocate portions of the total funds available in specific stocks. The two most common methods evaluated in the academic literature are to equally weight each stock (EW) or to apportion funds to stocks based on the market weight of the stock's equity (MW). An important difference between these two methods being that by equally weighting the portfolio holdings are more skewed towards stock in smaller companies. A third method of weighting stocks used in this study is to base the proportion of funds allocated to each stock on the inverse of the volatility of the returns of the stocks to be included in each portfolio (I-VOL) 6 . This is similar to the method employed in Moskowitz et al. (2012) and tilts the portfolios towards stocks with lower volatility and so produces investment portfolios with lower risk.
A summary of the 768 implementations that are examined for each of cross-sectional and time-series momentum implementation strategies to be examined is set out in Table 2 . Table 3 reports the average monthly returns for 16 (J x H) time-series momentum strategies across the 24 markets along with an indication of whether the returns are significant at the 1%
The Results
(1), 5% (5) and 10% (10) levels 8 . The specific strategy being to form a long portfolio consisting of the identified winning stocks and a short portfolio consisting of the identified losing stocks with the average monthly returns reported being the aggregate of the monthly returns on the two portfolios. The reported results all relate to the implementation where the cut-offs for selecting the stocks to be included in the cross-sectional momentum portfolios are set at 16%. 9 There were 192 implementations evaluated for each time-series and crosssectional momentum but we report only on the returns on what we call the "best", "median"
and "worst" implementations. 10 In order to identify these three sets of results we aggregate the monthly returns for the time-series and cross-sectional momentum for each of the implementations, rank them and then choose the best (highest ranking), the median (middle ranking) and the worst (lowest ranking). A consideration of the results for these implementations provides useful insights into the absolute and relative performance of the two momentum strategies, how this profitability is conditioned by the implementation used, and so what implementation strategies are best to apply.
8 Newey-West t-statistics were calculated in order to determine the significance of the average monthly returns. 9 In order to determine the cut-offs for time-series momentum for each market, we calculated the mean and standard deviation of the returns for all stocks across the total sample period in each market and set the cut-offs at one standard deviation above, and one-standard deviation below, the mean. For example, the cut-offs set for Australia were +5.99%% for the winner stocks and -4.14%% for the loser stocks. This is an effective "in-sample" means of calculating the cut-offs as they are based on the mean and standard deviations of the returns of the stocks in our universe over the entire sample period. We also determined and applied cut-offs determined "outof-sample" by setting new cut-offs each calendar year based on the history of stock returns realised in past period. When applying these "out-of-sample" cut-offs, we obtained results almost identical to those reported in this paper
10
Simply presenting the tables for the performance of all the implementations considered would take 36 pages so we have chosen to encapsulate the insights provided across all the implementations by largely restricting our reporting to these three implementations. This table reports the average monthly returns of losers (L), winners (W), momentum (W-L) portfolios for timeseries (TSM) and cross-sectional (CSM) momentum strategies and the return difference between TSM and CSM for the best, median and worst implementation in each of the markets. These implementations are determined by adding the average monthly returns of the two momentum strategies under each of the implementations, ranking them and the identifying the best, median and worst. 
The profitability of the momentum strategies:
Time-series momentum
There is clear evidence that time-series momentum has realised excellent performance across the majority of our 24 markets under the best implementation. We find that this strategy yields positive and significant returns in all 24 markets with the average monthly return across these markets being in excess of 2% per month which represents an annualised return of in excess of 28%. Of course, not everyone would choose to use what proves to be the optimum implementation so it is appropriate to examine how time-series momentum would perform under an "average" implementation. Under the median implementation, all markets continue to yield a positive performance with the average annualised return across the 24 markets being in excess of 11%. Despite a falloff in performance as we move from the best to the median implementation, it proves that time-series momentum still yields significant positive returns in 16 of the 24 markets. Not surprisingly, we see further degradation in the performance of time-series momentum when we come to look at the worst implementation.
Now the strategy only yields positive performance in seven markets with the average monthly return across all markets being -0.25%. What the above discussion highlights is that time-series momentum is a profitable strategy across all of the markets for the majority of implementations. However, it also highlights the sensitivity of the performance to the implementation chosen.
Cross-sectional momentum
Cross-sectional momentum has the runs on the board with so many studies across numerous markets and time periods finding it to be the source of a profitable investments strategy. In general, we find evidence to support this prior evidence with the best implemented strategy yielding positive returns in all 24 countries. The positive returns only prove to be significant in 20 of the markets and the average monthly return across all markets is slightly less that 1.5%
which yields an annualised return of around 18.5%. When combined with a median implementation, cross-section momentum realises a positive return in all but Hong Kong and Japan. These positive returns are significant in 14 of these markets and average approximately 8.5% per annum. This degradation in performance continues and we move to the worst implementation with positive returns now only being realised in eight of the 24 markets. Indeed, the worst implementation of the cross-sectional momentum strategies produces three markets where there are significant negative returns as compared with no markets with significant positive returns. In general our findings confirm that cross-sectional momentum provides the basis for a good investment strategy in the majority of markets but also emphasise that the extent of the profits that can be generated is very much dependent upon the implementation strategy used. Our findings confirm that cross-sectional momentum does not yield significant profits in Japan under any of our numerous implementations. We also find that there is not a single implementation that yields a significant positive return in the US market which provides support to the proposition put forward by Hwang and Rubesam (2013) that cross-sectional momentum is waning in that market.
Time-series v cross-sectional momentum A major focus of this paper is the relative performance of time-series and cross-sectional momentum. In the last column of Table 3 , we present the difference between the returns on these two strategies and find that under the best implementation that time-series momentum outperforms cross-sectional momentum in all 24 markets. This outperformance is significant in 13 of the markets and the average difference across all markets is slightly less than 0.7% per month or an annualised 8.2%. It is clear that with optimum implementation time-series momentum is the superior of the two momentum strategies over our sample period. When we move to the median implementations, we find that time-series momentum continues to generate the highest return in all markets except Belgium, Ireland, Israel, Portugal, and Spain.
However, the outperformance in many countries is minimal, averaging only 0.24% per month across the 24 markets and only being significant in four markets. The relative performance of time-series momentum erodes ever further when we consider the worst implementation. Now it is superior in only nine markets, none of which are significant with the difference between the returns on the two momentum strategies across the 24 markets being approximately zero.
The general conclusion that we draw from our findings is that with the best implementation, there is no doubt that the time-series approach provides a better basis on which to build a momentum strategy. This advantage definitely erodes as one moves to less optimal implementations but it still remains the preferable approach in the majority of markets for the majority of implementations. Before moving on to examine more closely some of the implementation issues, it is interesting to reflect on our findings for the Japanese markets.
Previous findings using cross sectional momentum have consistently found that momentum is not a profitable strategy in Japan. We confirm these findings with cross sectional momentum yielding negative returns under the majority of the implementations examined. However, we also find that Japan is the only market where time-series momentum yields a significant higher return relative to cross-sectional momentum under the best, median and worst implementations. Our findings suggest that time-series momentum offers more potential to Japanese investors with it yielding almost 1.1% per month under the best implementation.
The Alternative Implementations
There are four key matters (ignoring for the present the cut-offs) that have to be addressed when determining the implementation policy: the formation period, the holding period, the rebalancing regime and the weighting scheme. Our analysis has told us that it barely matters what rebalancing scheme is used so in our discussion we shall concentrate on the other three:
The Formation Period
The purpose of the formation period is to allow sufficient time to identify trending stocks with a balance to be made between setting the period too short and so acting on a number of false signals and setting the period too long that "too much money is left on the table". We find that the best implementation typically involves a relatively long formation period of either nine or 12 months, with this being the case in 16 of the 24 markets. In contrast the worst strategy involves a formation period of three months in 15 of the 24 markets.
The Holding Period
The optimal holding period will very much depend upon the length of the typical pricing cycle for a stock and the formation period being used. In the case of our best implementation, a holding period of three month is used in 15 of the 24 markets. As one proceeds to inferior implementations, the holding periods gradually lengthens (as the formation period gradually reduces). In the case of the worst implementation, half of the markets now use a formation period of 12 months. As we intimated earlier, the key to a successful momentum strategy is an implementation that is in harmony with the periodicity of the typical stock. Our analysis would suggest a periodicity (i.e. low to high and high to low, both relative to the market) is approximately 15 months.
The Weighting Scheme
We considered three weighting schemes: equal weights, market weights and weights based on each stock's volatility. The major insight to be obtained from the best implementations is that they steer well away from using equal weights with this only being used in two markets with the other markets being equally split between the two other weighting schemes. When we move to the worst implementation, the major change is that there is only one market that involves an IVol weighting scheme. To a large extent, the best weighting scheme will be dependent the characteristics of the stocks that perform well over the sample period. For example, the relatively poor performance of equal weighting is largely due to the underperformance of small caps while the good performance of inverse volatility reflects that low risk/quality stocks did relatively well over our sample period.
Summary
We found that the best single implementation if it was applied across all 24 markets is to combine a 12 month formation period with a three-month holding period, to use inverse volatility to weight the stocks and to rebalance the portfolios monthly with no lag in implementation. This is consistent with the findings discussed above for individual markets that suggested that the highest returns would be achieved when implementing the momentum strategies by combining a long formation period with a short holding. It is also in line with previous discussion that suggesting inverse-volatility based weights ranked highly across markets as the best way of assigning weights to stocks. The single worst implementation strategy (for the 24 markets) differs in that it has a combined formation and holding periods each of 12 months, and involves equal weighting and a buy-and-hold strategy with a onemonth lag. The most deleterious feature being the combined 24 months that is well beyond the periodicity of the typical stock and so involves buying high and selling low.
5.3.Cut-off Points
All of the analysis to date has been on the basis of cut-offs designed to assign 32% of available stocks to either the winner of loser portfolio. In order to investigate the sensitivity of the momentum profits to the cut-off used, we also evaluated the implications of cut-offs that involved allocating both 60% and 100% of the stocks to the winner and loser portfolios.
We provide summary results in Table 4 on the absolute and relative performance of the two momentum strategies based on the best, median and worst implementations for each market based on four definite cut-offs 11 . A review of this information highlights the exceptional performance of both momentum strategies perform but that their performance degrades as the cut-off points are relaxed to include more stocks into the portfolios. For example with
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Detailed results for each of the 24 countries is available in an on-line Appendix median implementation, time-series momentum yields significant returns in 16 markets but this has been reduced to zero when all stocks are included in the portfolios. These findings should not be surprising and highlight that more information is to be found in the tails of the distribution of past returns and this rapidly degrades as one venture further into the middle of the distribution. The other important insight provided by the analysis is that time-series momentum provides the superior performance when the tighter cut-offs are used but that this advantage also dissipates as the cut-offs are relaxed. For an optimal implementation and 32%
cut-offs, time-series momentum displays significant outperformance in 13 markets but this is reduced to a handful of markets when 100% of the stocks are included in the portfolios. With the best implementation, both strategies generate significant positive average returns across the 24 markets irrespective of the cut-off employed although we do see that the level of these positive returns fall by something approaching 50% as one moves from a 32% cutoff to a 100% cut-off. With median implementation, we continue to see significant profits still being earned with both 32% and 60% cut-offs but there are no significant profits realised where the cut-offs are extended so that all stocks are included in either the winner or loser portfolios. With the worst implementations, none of the momentum strategies yield positive average returns across the 24 markets under any of the cut-offs examined with the average return across the 24 markets for both momentum strategies being negative for all cut-offs examined.
Perhaps the most interesting findings relate to the relative performance of the two momentum strategies. We report that time-series momentum significantly outperforms cross sectional momentum under a 32% cut-off. Indeed, the evidence suggests that time-series momentum is the superior strategy when well implemented and this is something that we further investigate below.
Time-series and Cross-sectional Momentum: Absolute and Relative Performance
In this section we will pursue some explanations for the relative good performance of both momentum strategies with particular attention being given to why time-series momentum might outperform cross sectional momentum when optimally implemented.
Portfolio Characteristics of time-series and cross sectional momentum portfolios
In Table 5 , we present information on size, book-to-market and momentum characteristics of the two momentum strategies under the optimal implementation, with these characteristics are best considered reference to their average values, reported in Table 1 . This table displays the average monthly market value (MV), book-to-market (B/M) ratio and ex ante returns (returns over the last six months) of stocks being selected in loser and winner portfolios of time-series (TSM) and cross-sectional (CSM) momentum strategies based on "optimal" implementation approaches from Table 3 for each market.
Our first observation is that under both momentum strategies, the loser portfolios consist of stocks that are on average considerably smaller to those included in the winner portfolios.
However, the stocks in both the winner and loser portfolios under both strategies are much smaller than the average stock in the market. Perhaps most importantly, the difference between the size of the loser and winner portfolios is greater for time-series momentum than it is for cross-sectional momentum. With respect to book-to-market, with only a very few exceptions we find that the average stock in the loser portfolios is a value stock while it is a growth stock in the case of winner portfolios. Further, the average stock in the loser portfolios under cross-sectional momentum is "cheaper" than it is for time-series momentum but there is little difference in the growth characteristics of the stocks in the winner portfolios under the two methods. Finally, as would be expected the loser (winner) portfolios for both over the previous six months. However, the spread in this performance is slightly larger for the time-series momentum portfolios.
In summary under both momentum strategies, the loser portfolios have a small cap, value bias while the winner portfolios have a (weaker) small cap, growth bias. This is consistent with the winner portfolios consisting of stocks which are advanced in their recovery phase while the loser stocks have yet to experience a recovery. As a consequence, it is not surprising that the profits from both momentum strategies typically peak in just a few months suggesting a relatively short holding period. Further, the stocks in the loser portfolio under cross-sectional momentum are both smaller and cheaper than under time-series momentum which might suggest that they are nearer a turnaround point which would eat into momentum profits. The major difference between the characteristics of the momentum portfolios under the median implementation as compared with the best implementation is that winner portfolios have stronger growth characteristics with time-series momentum and weaker growth characteristics with cross-sectional momentum. This is consistent with the winner portfolios under time-series momentum enjoying superior performance in the short term.
5.4.2. Time-series and cross-sectional momentum in "Up" and "Down" markets Cooper et al. (2004) find momentum profitability depends critically on the state of the market with the momentum strategies in periods following a positive market ("Up" market) yielding higher returns than do momentum strategies in periods following a negative market ("Down" market). In order to see whether this finding might apply to our sample and particularly across both time-series and cross-sectional momentum, we evaluated the performance in both "Up" and "Down" markets of the best implementations for each market on which we reported in Table 3 . Following the method employed in Cooper et al. (2004) , we defined an "Up"
("Down") month as one in which the market index has risen (fallen) over the previous 12 months 12 .
Our findings are summarised in Table 6 where we report the average monthly returns across the 24 markets for both time-series and cross-sectional momentum in both up and down markets 13 . Our findings are consistent with those of Copper et al. (2004) in that the average returns for both time-series and cross sectional momentum are much lower in down markets than they are in up markets. It is not surprising that the performance of both the winner and loser portfolios deteriorate in down markets but the poorer performance of both momentum strategies is due to this deterioration being much greater for the winner portfolios. However, this finding of a deterioration of momentum profits in down markets is not universal as there are seven countries where time-series momentum generates higher returns in down markets (Austria, Germany, Israel, Japan, Norway, Spain and Switzerland) and five countries where cross sectional momentum generates higher returns in down markets (Germany, Israel, Japan, Spain and Sweden). This table reports the average monthly performance of time-series and cross-sectional momentum across the 24 markets in both up and down markets. Up and down months are defined in accordance with Cooper et al. (2004) where an up (down) month is one in which the previous 12 month market returns have been positive (negative).
Market State
Time--series Momentum ( % per month) 12 We also used the previous three and six month past performance of the relevant index to define "Up" and "Down" markets. One thing this did achieve was to increase the number of "Down" months but the major findings remained unchanged to those reported here.
13
The information of the performance in each of the individual markets is available in an on-line appendix
We have previously seen that time-series momentum outperforms cross sectional in most markets and we know see that this outperformance is approximately double the level that it is in down markets than it is in up markets. We now see from Table 6 that the major factor contributing to this is the very large deterioration in the performance of the winner portfolios under cross sectional momentum that occurs during down markets. A major reason that we would suggest for this finding is that after a period when markets are falling, cross sectional momentum will be including in its winner portfolio many stocks that have been experiencing poor performance. Across the 24 markets, the percentage of stocks assigned to the winner portfolios during down markets under cross sectional momentum represents 16% of all available stocks as this is the percentage of stocks allocated to the winner (and loser) portfolio each month. Under time-series momentum where stocks are only allocated to the winner portfolio if their past performance exceeds some upper threshold, only 7% of the stocks are assigned to the winner portfolio during down periods. In other words, cross sectional momentum has to dig much deeper to find winner stocks during down markets and this contributes to the relatively poor performance of the winner portfolios during such period.
Before proceeding to the next sub-section we will briefly comment on the implication of our analysis of up and down markets for the Japanese and US markets. We see from Table 7 that cross sectional momentum when applied in Japan under the best implementation does generate a positive return in down market but this is not of a sufficient magnitude to offset the zero profits realised during up markets. We also see from Table 7 that the winner portfolios under both momentum strategies generate similar performance during both up and down markets. Indeed, the superiority of time-series momentum over cross-sectional momentum in Japan is due to the performance of the loser portfolios: The time-series momentum loser portfolio generates a return that is in excess of 1% less in up markets and approximately 0.5% per month less in down months. The majority of the momentum studies have applied cross sectional momentum to US data and been in the US market using cross-sectional momentum and have generally found the strategy to be highly profitable. Therefore, it may have come as somewhat a surprise to find that cross-sectional momentum has not generated any outperformance over our sample period in the US market. The evidence provided in Table 7 confirms that cross sectional momentum had added in excess of 1% per month in the US during up markets which is in line with the findings of previous studies. All the damage to momentum profits came in the down markets with cross sectional momentum generating a return of almost -3% per month, much of which is attributable to abysmal performance during the GFC and particularly during the 2009 calendar year.
The performance of individual time-series and cross-sectional momentum stocks
The final characteristic of the two momentum strategies that we consider is the performance of the individual stocks included in the winner and loser portfolios. Following the procedure of George and Hwang (2004) , we run the following regression:
where Rit is the return on stock i in month t; Ln (Size) is the market capitalization of stock i at time, t-1; CSHit is a dummy that equals 1 if stock i is in the cross-sectional momentum winner portfolio in month t; CSLit is a dummy that equals 1 if stock i is in the cross-sectional momentum loser portfolio in month t; TSHit is a dummy that equals 1 if stock i is in the time- The results of running this regression for each of our 24 markets are reported in Table 8 . The first thing to observe is that generally stock selection adds value in both the time-series and cross-sectional momentum strategies with TSH -TSL being positive in all 24 markets and CSH -CSL being positive in all but the Israel market. In the case of time-series momentum, the difference is significant in 18 of the 24 markets while in the case of cross-sectional momentum it is only significant in 12 of the 24 markets. Based on this analysis, time-series momentum is superior to cross-sectional momentum (i.e. TSM -CSM) in 16 of the 24 markets although this difference is only significant in Canada, Ireland and Sweden.
14 It should be emphasised that the findings only relate to the average performance of the stocks held in the portfolio and not to the performance of the portfolio's themselves. It would only reflect the performance of the portfolios if an equal weight was assigned to each of the stocks included in the portfolio which is not the case in any of our optimum portfolios. Therefore, the findings reflect the contribution to the performance from the stock selection embedded in the momentum strategies but not from the portfolio construction. Based on an optimal implementation for each market from Table 5, this table reports the comparisons between time-series and cross-sectional momentum strategies simultaneously by applying the regression model as set out in equation (1) using data extending from 1992 to 2012. The Newey-West t-statistics are reported below the coefficients for each market. The reported constant is the average monthly returns of a portfolio consisting of stocks that do not appear in either the winner or loser portfolios that has hedged out the effect of size, while coefficient attached to each of the other variables reflects the incremental return attached to that type of stock. The difference of coefficients between TSH (CSH) and TSL (CSL) dummies represent the return of time-series (cross-sectional) momentum strategy after controlling other explanatory variables. The last column in the table shows the return difference between time-series and cross-sectional momentum strategies.
The results of running this regression for each of our 24 markets are reported in CSH -CSL being positive in all but the Israel market. In the case of time-series momentum, the difference is significant in 18 of the 24 markets while in the case of cross-sectional momentum it is only significant in 12 of the 24 markets. Based on this analysis, time-series momentum is superior to cross-sectional momentum (i.e. TSM -CSM) in 16 of the 24 markets although this difference is only significant in Canada, Ireland and Sweden.
Although the findings that both momentum strategies in general outperform with time-series momentum being the superior is maintained in the results reported in Table 8 , they are not as strong as those reported in Table 3 . As suggested previously, the performance reported in Table 8 only reflects the stock selection element of the momentum strategies while those reported in Table 3 also encompass the value added by portfolio construction. However, what it does confirm is that the difference in the stock selection between the two momentum strategies which introduces a market timing element to time-series momentum does result in it choosing on average better performing stocks. Undoubtedly this is a very important contributing factor to its superior performance.
Conclusion
We have had over 20 years of academic papers on cross-sectional momentum whereas timeseries momentum is a relatively recent phenomenon. This study focuses on undertaking an exhaustive test of the performance of time-series and cross-sectional momentum in 24 major equity markets and, in particular, providing a detailed comparison of the relative performance of portfolios based on the two forms of momentum.
Over the period from 1992 to 2012, both time-series and cross-sectional momentum strategies have generated significant profits under numerous implementations in almost all of our 24 markets. Indeed for time-series momentum, the majority of the extensive implementations examined (as indicated by the median implementation) realise positive returns in all 24 markets with these returns being significant in 17 of these markets. The equivalent figures for cross-sectional momentum are only slightly inferior with the returns being positive in 22 markets (the exceptions being Japan and Hong Kong) and significant in 14 of these markets.
There is clear evidence from our extensive like-for-like comparisons that time-series momentum produces superior performance to cross-sectional momentum. With the best implementation it outperforms in all markets with this outperformance being significant in 13 of these markets. With median implementation, time-series momentum still maintains superior performance in 19 markets with this superiority being significant in five of these markets. Indeed, there is a gradual degradation in the superiority of time-series momentum as one progresses to inferior implementations.
Although both momentum strategies chose stocks on the basis of past performance and so will hold many stocks in common, we have seen that cross-sectional momentum will dig deeper to find winner when markets are performing poorly and deeper to find losers when markets are performing strongly. We have seen that this results in stocks held under the two momentum strategies taking on different characteristics with time series momentum choosing stocks that are smaller and which enjoy a wider spread in the past returns than is the case for cross-sectional momentum. The outcome is that the average winning (losing) stock across the 24 markets under time-series momentum outperforms (underperforms) the average winning (losing) stock under cross-sectional momentum. In turns, this converts into time-series analysis potentially producing the superior performance although as we have seen this superiority can either be enhanced of depleted by the choice of implementation.
The success of momentum is largely depending on the price of stocks going through both upand down-cycles (i.e. trending in both directions). The best implementation strategies will be 33 those that produce stocks holdings that are most in tune with these cycles. We evaluated numerous possible implementations and found that across all countries, the combination of wither a nine month or 12 month formation period and a three month holding period produced the better investment outcomes. This is suggestive of a slow adjustment in prices to new information but an eventual over-shooting which is a pattern consistent with models produced by Barberis et al. (1998) and Hong and Stein (1999) . Other implementation issues that we examined included the weighting scheme used where inverse volatility or market value weights proved best while the method chosen for rebalancing was found to have little impact on investment outcomes.
This paper provides the first comprehensive study of time-series and cross-sectional momentum as applied to equity markets. It confirms just how widespread is the profitability of these strategies and establishes that time-series momentum offers the better of the two
options. An important question that remains is just how attractive are these strategies on a risk-adjusted basis after taking account of the full costs of implementation, which is a question that should be addressed at a later day.
